We describe recent research on this issue. First we present in intuitive terms a general, decision-theoretical framework for making treatment decisions. We then describe some measures for expressing the performance of treatment selection markers, showing that conventional measures of clinical performance, such as clinical sensitivity and specificity, are not decisive or helpful. In the last part of the paper, we provide a brief summary of study designs for evaluating treatment selection markers. Like all other forms of medical testing, potential treatment selection markers should be properly evaluated before they are implemented in routine clinical practice.

INTRODUCTION {#sec1-1}
============

The unraveling of the human genome has fuelled high hopes for the advancement of clinical medicine. Many believed that our improved understanding of the role of genes, the function of proteins, and the characterization of small-molecule metabolite profiles would strengthen our understanding of the origins of disease, and would help to clarify disease mechanisms. This would eventually lead to new and better forms of treatment, enabling clinicians to sustain and restore health for their patients, and to prevent premature death.

The benefits from the genetic revolution would not just come from new forms of treatment. The advances in knowledge were also expected to lead to improved targeting of new and existing forms of treatment. Rather than a one-size-fits-all blockbuster strategy in battling disease with drugs and other interventions, a more precise approach would become available, one in which treatment is only offered to those likely to benefit. The identification of those likely to benefit from treatment would be made based on one or more biomarkers. We will refer to such biomarkers as "treatment selection markers".

In an era where medical decisions aim to be evidence-based, the use of treatment selection markers would not just be based on hope and optimism, but on solid data from sound research. It is not sufficient to expect a benefit from using a biomarker to guide treatment decisions, one should also have convincing evidence that the marker is actually able to do so. The performance of the treatment selection marker should be expressed in quantitative terms, similar to the way we express the clinical performance of diagnostic markers, or the performance of prognostic markers.

These new ambitions pose a challenge for laboratory professionals, and for researchers and methodologists in general. How does one know that a marker is fit to serve as a guide for treatment decisions? How can one express the performance of a treatment selection marker?

This paper summarizes some recent research on this issue. First we present in intuitive terms a general, decision-theoretical framework for making treatment decisions. We then present some measures for expressing the performance of treatment selection markers, showing that conventional measures of clinical performance, such as (clinical) sensitivity and specificity, are not decisive or helpful. In the last part of the paper, we provide a brief summary of study designs for evaluating treatment selection markers.

THE ANATOMY OF TREATMENT DECISIONS {#sec1-2}
==================================

In general, a treatment decision is based on balancing the positive, hoped-for effects against the negative, feared effects. The latter could be a combination of the side-effects of treatment, the burden of treatment (going to the hospital at regular intervals, or taking pills daily), and the societal costs: the resources used to develop, build and administer treatment. The positive effects are the health gains expected from treatment: restoration of health, or the prevention of worsening.

If we assume the negative effects are all known, we can re-express the treatment decision as a threshold issue. Are the positive effects large enough to offset the negative ones? Assume, for example, that the positive, hoped-for effect is an increase in 5-year survival from adjuvant chemotherapy for a cancer patient. Assume, additionally, that we have a reliable estimate of the 5-year survival for that patient. We then can present the negative effects of adjuvant chemotherapy to the patients and ask the patient how large the gain in 5-year survival have to be to justify treatment for that patient. Assume then that a new, large RCT comes out that has estimated the survival benefit of this form of adjuvant chemotherapy for patients similar to the one facing the decision. That patient then can compare the gain in survival -- in absolute terms -- with the personal threshold. If the gain is larger than the threshold, adjuvant chemotherapy seems justified. Otherwise, if the gain is smaller than the threshold, this is not the case.

In this case we base the recommendation about treatment not on the statistical significance of the treatment effect, as estimated in the randomized trial. As is well known, such a significance test only evaluates whether the difference in survival is zero. In case of a significant result, we have rejected the null hypothesis of equality. With a two-sided test, this implies that the alternative hypothesis specifies that the survival difference is either negative or positive; with a one-sided test, the alternative hypothesis typically specifies that there is some survival gain. So conventional statistical significance tests typically do not indicate whether the health gains are large enough. We must add that, in principle, it would be perfectly possible to formulate an alternative statistical hypothesis test, one in which we test whether the treatment effect exceeds a prespecified threshold, but this is not typically done in randomized trials.

The recommendation about treatment is also not based on the target difference, as used in the sample size calculations. This target difference helps to calculate the desired precision of a study, which is typically driven by the number of included study participants. The target difference can provide reassurance that the study will be informative, in the sense that a relevant difference, if one exists, is likely to be detected with the required statistical precision ([@ref1]).

Asking for a threshold for the treatment effect sounds like a complicated question to ask a patient. It is probably not an easy task to define a personal threshold, but existing research has shown that the question is indeed answerable. For adjuvant chemotherapy, for example, the actual question "what makes it worthwhile" has been asked to patients with non-small-cell lung cancer ([@ref2]), to patients with early colon cancer ([@ref3]), and patients with early breast cancer ([@ref4]).

The threshold does not have to be same for every individual patient: for some the required gain may be fairly large, while for others extending survival is extremely important, and their threshold for accepting treatment is close to zero. This is definitely an area for personalized medicine: not in the abundant use of next-generation sequencing, but in the recognition that personal values and trade-offs differ. Despite this recognition, we will assume for now that there is one common threshold, to ease the exposition.

In itself, the threshold approach is as old as decision theory. It was introduced, or re-introduced, into medicine in the 1970s, through impressive articles written by Steve Pauker and Jerome Kassirer, which formed the start of clinical decision analysis and helped to launch economic evaluations in health care ([@ref5], [@ref6]).

Note also that the question about a large benefit is usually phrased in terms of the absolute benefit: the survival gain in percentage points at five years, for example. Although treatment effects in trials are typically expressed in relative terms, answering the question about the threshold in such relative terms is much more challenging and complicated.

TREATMENT SELECTION MARKERS {#sec1-3}
===========================

So, when can a marker act as a treatment selection marker, to guide decisions about treatment?

The threshold approach to decision-making, as just introduced, allows us a simple rule to arrive at a conclusion when evaluating a biomarker's potential to guide treatment. We assume for now that the marker is present or absent, or takes values in a well-known range. To be sufficiently general, we suppose that the marker is quantitative, be it on a dichotomous (1/0), ordinal, or interval scale.

One condition for a marker to act as a treatment selection marker is the existence of heterogeneity in the treatment effect. Keeping to the example of survival gain from adjuvant chemotherapy, this means that not everybody in the trial population is expected to benefit to the same degree from the treatment: for some the benefit is larger, for others smaller, and there may be subgroups who do not benefit from chemotherapy, but are even harmed by it: their 5-year survival is lower after treatment.

A second condition is then the existence of a reliable association between the putative treatment selection marker and treatment benefit. We can further specify this condition in terms of a classification, relative to the (common) threshold: the marker is able to identify a subgroup for which the survival gain is equal to or larger than the threshold, separating it from another subgroup where the survival gain is smaller, or even nonexistent: patients are not helped or even harmed by the treatment. The first group benefits from treatment -- the gains exceed the threshold -- while the second group does not.

A marker can then act as a treatment selection marker if there is a value, or a range of values, that corresponds to a group who benefits, and the remaining values correspond to a group that does not benefit.

What then if the personal treatment thresholds vary? In that case we have to generalize the second condition, over the distribution of values for the treatment threshold. The marker may be able to act as a treatment selection marker for some, but not for all. If it can act as a marker for at least one (group of) patients, in the sense we just described, then it can be qualified as a (potential) treatment selection marker.

To further facilitate presentation of concepts and performance measures we describe a clinical decision scenario with a potential treatment selection marker and discuss which measures do and which ones do not measure the performance of the marker for guiding treatment decision.

As an example, we consider using vaginal culture in women with preterm premature rupture of membranes to guide the decision for immediate delivery. In pregnant women in whom rupture of membranes occurs prematurely and before the onset of labour, a decision dilemma is whether to follow a strategy of wait-and-see or to perform immediate delivery to prevent infection and sepsis in the foetus. Bacterial infection causing neonatal sepsis is most commonly associated with the Group B *streptococcus* (GBS) from the mother's vagina. Therefore testing the vaginal GBS colonisation in mothers could potentially identify foetuses at higher risk of infection and may be a good candidate marker for guiding the decision for immediate delivery.

In a trial, about 700 women with premature rupture of membranes were randomly assigned to immediate delivery or wait-and-see strategy ([@ref7], [@ref8]). Among the women studied, 14% had GBS-colonization and were marker-positive. [Table 1](#table001){ref-type="table"} shows the association between the GBS-colonization and the outcome in the trial participants ([@ref9]).

It may seem that we could quantify the performance of a treatment selection marker with the usual measures of clinical performance: why not use sensitivity or specificity here? Indeed, we could do so, but only if there was a straightforward clinical reference standard to identify with sufficient certainty those who benefited (sufficiently) from treatment, separating those from the rest, who did not. In that case the sensitivity of the treatment selection marker would be the proportion of those who benefited, correctly identified as such by the marker, and the specificity would be the proportion of those who did not benefit, correctly identified as such by the marker.

Unfortunately, this distinction is less easy to make on an individual basis in most treatment studies, where only the outcome under treatment is observed, or the outcome under the absence of treatment. It requires a counterfactual approach then to specify what would have happened with an alternative course of action. Below we will describe how we can use the information from the group of trial participants to evaluate the performance of a putative treatment selection marker.

PERFORMANCE OF TREATMENT SELECTION MARKERS {#sec1-4}
==========================================

We have just described the necessary conditions for a marker to act as a treatment selection marker. These are absolute conditions: a marker either is or is not a (potential) treatment selection marker. Yet to make decisions about the actual use of the marker, a more quantitative estimate of its performance is required.

Janes and colleagues have explored a number of statistics to express biomarker performance, with descriptive and inferential methods to evaluate individual markers and to compare candidate markers ([@ref10],[@ref11]). They proposed useful measures for analyzing marker performance. By combining them they calculate the population benefit from using the marker as a treatment selection marker, compared to a strategy of not using the marker to decide about treatment in subgroups of patients.

We use our clinical example in [Table 1](#table001){ref-type="table"} to present these measures.

Proportion of marker-positives {#sec2-1}
------------------------------

First we turn to the subgroup of patients who are marker-positive, in our example women with GBS colonization. GBS-positive women comprised 14% of women participating in the trial: 103 out of 722 ([Table 1](#table001){ref-type="table"}). So the proportion of patients in whom treatment recommendations could change following marker measurement is 0.14.

Average benefit of treatment among marker-positives {#sec2-2}
---------------------------------------------------

If marker-positive women receive a wait-and-see strategy, 15.2% of their neonates will develop neonatal sepsis. In contrast, when undergoing immediate delivery only 1.8% of their neonates will develop sepsis. Immediate delivery will therefore result in a reduction of 13.5% in the neonatal sepsis rate in this group: this is the average benefit of intervention in this subgroup.

Change in population event rate with marker-based treatment {#sec2-3}
-----------------------------------------------------------

This is the main composite measure of marker performance for treatment selection. It is based on the difference in overall outcome between not using the marker and using the marker for treatment decisions, aggregated over all members of the target population. Based on marker status, we will only treat marker positives, so the expected change can be calculated by multiplying the proportion of marker-positives (0.14) with the average benefit of treatment in marker-positives (13.5%): (0.14 × 13.5%) = 1.9%.

In other words, a strategy in which immediate delivery is only considered for marker positives will lead to an absolute decrease of 1.9% in the neonatal sepsis rate, compared to a wait-and-see strategy for all.

The impressive reduction in the neonatal sepsis rate in the GSB positives (minus 13.5%) may look like an adequate expression of marker performance, but it is quite clear that the prevalence of the marker positives should also be included in the evaluation.

The result is a clinically interpretable measure of performance of GBS testing for treatment selection. It evaluates the treatment selection marker in terms of its clinical effectiveness: its ability to lower the number of adverse events in the study population ([@ref12]). With the same approach one can calculate the impact of application of GBS-based strategy on other outcomes such as cost of care or rate of premature birth to complete an evaluation of the costs and consequences of the marker-based strategy.

In our example we did not discuss chance variability. Janes and colleagues have described methods for statistical inference and hypothesis testing ([@ref11]). They suggest that the performance measures are only estimated if a null hypothesis corresponding to no marker performance is rejected.

This approach assumed that the marker only acts as a selection mechanism, and that, in itself, it does not lead to the event one tries to prevent. It only does so by guiding treatment. We also assume that the effectiveness of the treatment itself is not affected by knowing the marker status. This could happen with some strategies, for example, through better adherence or a different way of handling side-effects. If these assumptions do not hold, the only way to evaluate the effectiveness of a marker-based strategy would be a randomized trial, allocating eligible participants, to this marker-based strategy or to an alternative: no treatment in all.

By further extending this approach, Huang and colleagues define an extension of the net benefit measure: expected benefit. This measure expresses the reduction in the sum of disease and treatment cost by using the marker, based on the comparison between a marker-based treatment-selection rule and the optimal treatment strategy without the marker information ([@ref13]).

PREDICTIVE AND PROGNOSTIC MARKERS {#sec1-5}
=================================

In the oncology literature, the terms predictive and prognostic markers have increasingly been used within the context of stratified or personalized medicine, but their use has been somewhat confusing. Some have stipulated, for example, that predictive markers are associated with drug response, in contrast with prognostic markers, which are associated with disease outcome ([@ref14]). We have shown that is not so much the association with outcome or drug response that counts, but the ability to separate groups who benefit -- with difference in outcome compared to the threshold -- from those who do not.

In this relatively young field, several other metrics and statistics have been proposed to express the performance of treatment selection markers. Some of these can be severely misleading, since they cannot provide evidence that a marker is helpful in guiding treatment decisions.

These questionable measures include expressions of the strength of the association between marker status and outcome, not benefit. In [Table 1](#table001){ref-type="table"}, for example, one can see that marker positives have a six-fold higher risk of neonatal sepsis under a wait-and-see strategy. With a strategy of immediate delivery, the relative risk is 0.6.

Both relative risks give information about the association between GBS colonization and outcome, but in themselves they do not reflect marker performance. Treatment decisions should not be guided by outcome in itself, but by benefit: the expected *change* in outcome produced by the treatment.

CONCLUDING COMMENTS {#sec1-6}
===================

It is exciting to see the developments resulting from rapid progress in our understanding of molecular processes. Biomarkers and other forms of medical tests are not only used for making a diagnosis or staging a disease, but for many other purposes, including decisions about treatment. To express the performance of such treatment selection markers, and to see whether they can actually be used for this purpose, we need a different set of measures. The classical clinical performance measures, such as clinical sensitivity and specificity, can only be used in rare circumstances. Relying on familiar statistics, such as relative risks, or simple significance tests, may actually be misleading. Like all other forms of medical testing, potential treatment selection markers should be properly evaluated before they can be implemented in daily clinical practice.

###### 

GBS - colonization and outcomes ([@ref9])

  Strategy                 Patients with neonatal sepsis   \% of total   Patients without neonatal sepsis   Total patients
  ------------------------ ------------------------------- ------------- ---------------------------------- ----------------
  **Wait-and-see**                                                                                          
  GBS Colonization         7                               *15.2%*       39                                 46
  No GBS Colonization      8                               *2.6%*        305                                313
  Total                    15                              *4.2%*        344                                359
  **Immediate delivery**                                                                                    
  GBS Colonization         1                               *1.8%*        56                                 57
  No GBS Colonization      9                               *2.9%*        297                                306
  Total                    10                              *2.8%*        353                                363
